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Biological processes rely on the coordinated activity of multiple genes, forming biological pathways 
that regulate specific cellular functions. Gene set activity analysis tools are essential for understanding 
how groups of genes regulate these processes. However, accurately scoring the activity of the 
most effective genes within a gene set remains challenging. Here, we introduce MEAST (Modular 
Expression Analysis and Scoring Toolkit), a robust computational framework that combines truncated 
singular value decomposition for gene set scoring with a genetic algorithm to identify stable, high-
contributing subsets of genes. We validated our approach using both simulated and real single-cell 
RNA-seq datasets. In real single-cell blood RNA-seq datasets, the activity scoring function accurately 
distinguished between cell subtypes. Moreover, when tested on bulk RNA data, MEAST successfully 
distinguished between lung adenocarcinoma and lung squamous cell carcinoma by accurately scoring 
marker gene activities. The main feature of MEAST is the stability assessment, which based on activity 
scoring and uses a genetic algorithm to identify the core active genes within a gene set. Our results 
showed that MEAST effectively eliminates all low-activity genes in single-cell RNA-seq data. This 
study presents an advanced framework to analyze scRNA-seq data in wide system biology applications 
including biomarker identification, disease subtype classification, drug response prediction, and 
pathway analysis.
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Gene set analysis methods are widely used for studying gene expression patterns in RNA sequencing data. 
These tools help evaluate the behavior of gene sets that play a role in specific biological processes, signaling 
pathways, or regulatory mechanisms1,2. Defining active gene sets associated with specific biological processes 
or phenotypes helps to describe underlying disease mechanisms. This strategy also aids in identifying potential 
therapeutic targets and cellular responses to specific stimuli3,4.

Genes do not function in isolation; biological processes often involve complex and coordinated networks 
of genes5,6, where coexpressed genes control a variety of biological processes7. Genetic signatures are gene sets 
regulated under biological development8, associated with cell types9, or with different diseases10. Gene sets can 
be identified from high-throughput RNA sequencing (RNA-seq) data using various methods.

After gene set identification, a common step is gene set scoring or enrichment8,11. By evaluating gene set 
activity, we can infer the functional states of cancer cells12. The activity evaluation of regulatory networks is 
used to understand how regulatory elements drive biological processes13,14. Moreover, gene set scoring helps 
understand pathway-level perturbations, which are key to uncovering the biological mechanisms underlying 
diseases15. Existing computational tools, including GSVA, ssGSEA, AUCell, PAGODA, and PROGENy, are 
widely used to score gene set activities in scRNA-seq data. GSVA computes enrichment scores directly from gene 
expression data. This method allows pathway-level analyses without differential expression testing15. The ssGSEA 
independently computes enrichment scores for each sample and gene set16, quantifying activities at the single-
cell level. AUCell evaluates gene set activity by calculating the area under the recovery curve for gene expression 
rankings17. PAGODA is used to characterize transcriptional heterogeneity by identifying overdispersed gene 
sets18. In contrast, PROGENy is designed to infer pathway activity based on the expression levels of downstream 
target genes19. Generally, rank-based approaches, such as GSVA, ssGSEA, and AUCell, cannot effectively handle 
covariance in gene expression profiles. In addition, these tools do not account for variability within gene sets. 
Instead, focusing on the most active genes, rather than including all genes, can facilitate downstream analyses2,20. 
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Therefore, evaluating gene set stability can help identify subsets of the original gene set with higher expression 
activity.

Indeed, biological and technical variation, along with the gene set identification method, can introduce 
unrelated genes into a gene set21. Recent studies have shown the importance of assessing gene set stability to 
prioritize the most consistent contributors to pathway activity. For instance, focusing on core active genes has 
significantly enhanced biomarker robustness in cancer datasets10. By refining gene sets to include only the 
most stable and active members, researchers can minimize noise and improve reproducibility and biological 
significance22. Yang23 suggested that only a subset of genes from an enriched gene set is responsible for the 
associated phenotype. Lippmann24 proposed a computational method to reduce large gene sets by ranking genes 
based on their importance within biological process hierarchies. This approach retains over 70% of the original 
set’s functionality while reducing the number of genes24. However, the method is limited by its dependence 
on existing knowledge bases and the inherent biases in gene selection. Further research introduced the Linear 
Combination Test for Gene Set Reduction (LCT-GSR), a computational tool to identify core subsets of gene 
sets associated with continuous phenotypes20. The LCT-GSR method utilizes a sequential gene removal strategy 
based on the Significance Analysis of Microarrays (SAM) statistic, which assumes additive and independent 
contributions of individual genes. This approach might overlook synergistic gene interactions within a pathway.

Therefore, combining gene set scoring with stability assessment enhances gene set analysis by focusing on 
the most active genes within a predefined set. In this context, we present MEAST, a novel package designed to 
evaluate gene set activity and stability in scRNA-seq data. MEAST utilizes eigengene weights obtained through 
truncated singular value decomposition (Truncated SVD) on the expression matrix and genetic algorithm to 
assess the gene set stability.

This paper describes the methodology behind MEAST and demonstrates its application to RNA-seq data 
analysis, including bulk RNA, with focus on single-cell transcriptomics. Through several case studies, we show 
how to identify the most stable gene subsets from predefined gene sets using a genetic algorithm while evaluating 
gene set activity with the Truncated SVD scoring method in RNA expression data.

Materials and methods
Overview of gene set activity analysis using MEAST
MEAST requires an expression matrix and a gene set as inputs, working with both single-cell and bulk data. It 
calculates gene module eigengenes using truncated SVD and projects these weights into the expression matrix 
to create an activity matrix (Fig. 1A). The activity-scoring process includes data preprocessing, subsetting the 
expression matrix to include only genes in the set, calculating module eigengenes, computing activity scores, 
and optionally permutation test. The framework provides visualization tools for gene set activity across cells 
or cell groups. For each gene set, MEAST derives an eigengene from the subset matrix and projects its weights 
to generate activity values (Fig. 1A). By aggregating these values within specific groups, users measure gene set 
activity. Parameters like component number, scaling approaches, and aggregation methods can be adjusted to 
fit research needs.

For stability evaluation, MEAST uses genetic algorithms (GAs) to identify stable subsets within larger gene 
sets. GAs optimize gene sets based on activity in specific cell groups by selecting subsets that contribute to 
activity signals. The process starts with generating an initial population of gene subsets from a larger set. Each 
subset is evaluated for its activity score within a target cell group. Parents are selected based on fitness, then 
crossover and mutation create new gene combinations. The final output is the most stable and active gene subset 
from the original set G within the cell group (Fig. 1B).

Single cell RNA-seq dataset
The study utilized a pre-normalized read count matrix from25, available on the Single Cell Portal26. Villani25 
conducted quality control and normalization through TPM normalization. The dataset comprised 1078 
dendritic cells (DCs) and monocytes, with a median of 5326 genes per cell and 26,593 genes. The genetic markers 
examined matched those outlined in the original publication.

We also used a public Drosophila melanogaster ovary scRNA-seq dataset from ArrayExpress 
(E-GEOD-141701)27. In our analysis, we used the provided normalized expression matrix files from 
E-GEOD-141701. The dataset contains 1270 single cells from ovary tissue (mixed pool of 200 ovaries; wild-type 
genotype; normal). The main inferred cell-type groups are: follicle cell (468 cells), anterior escort cell (404 cells), 
posterior escort cell (388 cells), and germarium cap cell (6 cells). In the benchmarking experiments, we used 
follicle cells as the target population and compared them to all other annotated cells in this dataset.

Bulk RNA-seq data processing and normalization
RNA-seq read count data for Lung Adenocarcinoma (LUAD) and Lung Squamous Cell Carcinoma (LUSC) 
samples were obtained from TCGA through the GDC portal. As of July 2024, 833 LUAD and 708 LUSC samples 
were downloaded. Only primary tumor or normal tissue samples were included. Data were processed and 
normalized using DESeq2 (v1.30.1) in R (v4.0.3) with default settings. Raw read counts were extracted from the 
integrated counts matrix. Genes with zero counts across all samples were excluded. A prefiltering step removed 
low-expression genes (fewer than 10 counts across all samples).

Simulation of single-cell RNA data
scRNA-seq dataset was generated using SPARSim28 with preset parameters from29, modeled on the Zheng C1 
cell type. Two non-overlapping gene sets (Set A and Set B) of 200 genes each were defined to evaluate gene 
activity scoring. Set A fold changes were sampled uniformly between 5 and 25, then scaled in a dose-dependent 
manner: ×1, ×2, ×3, and ×4 for Doses 1–4, simulating proportional increases in gene expression with treatment 
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intensity. Set B maintained high expression across all doses, with fold changes between 5 and 10, serving as a 
stable positive control to assess scoring method robustness and specificity.

Simulations included four treatment doses with cell counts of 750, 900, 700, and 1000 for Doses 1–4, 
along with 1000 untreated control cells representing baseline expression. Differential gene expression (DGE) 
parameters were generated using the SPARSim_create_DE_genes_parameter function, including transcriptional 
noise to simulate biological variability. The final dataset consisted of 4350 cells (3350 treated and 1000 control). 
Transcriptional noise was included to replicate variability observed in real scRNA-seq experiments.

Statistical analysis
To evaluate correlation between dose levels and gene set activity scores, Kendall’s Tau correlation test was 
performed using the SciPy library’s Kendalltau function. For Gene set A, analysis included all dose levels and 
the control group. For gene set B, correlation analysis was restricted to treatment doses. Statistical significance 
was determined using a p-value threshold of 0.05. Differences in activity scores were evaluated using two-sided 
Mann-Whitney U test to compare distributions between target clusters and other clusters. P-values were adjusted 
using the Benjamini-Hochberg procedure, with adjusted p-values below 0.05 considered statistically significant.

MEAST methods—activity scoring
The MEAST framework calculates gene set activity at individual cell and cell group levels through data 
preprocessing, gene set subsetting, Module Eigengene calculation, activity score computation, and permutation-
based statistical significance assessment.

Data preprocessing and gene set subsetting
Gene sets, which represent genes related to specific biological processes or pathways, serve as the foundational 
units for activity analysis. For each gene set, the expression matrix is subsetted to include only the genes within 

Fig. 1.  Overview of MEAST: gene set activity scoring and stability analysis. (a) Gene Set Activity Scoring. 
MEAST quantifies gene set activity using singular value decomposition (SVD) on single-cell or bulk expression 
data. The input expression matrix (left) contains gene expression values across multiple cells (or samples). Gene 
set-specific expression matrices are extracted as subsets of the original matrix. SVD is applied to these subsets 
to derive eigengenes, whose corresponding weights are then projected back onto the original gene set-specific 
matrices, generating an activity matrix. This process quantifies the collective activity of each gene set across 
cells or samples. The resulting activity scores allow for downstream comparisons across different cell types or 
conditions (right), providing insights into gene module regulation in distinct biological states. (b) Gene Set 
Stability Analysis. MEAST integrates a genetic algorithm (GA)-based optimization framework to refine gene 
sets for stability and functional relevance. The GA iteratively optimizes gene subsets by assessing their activity 
consistency across specific cell types or conditions. The process begins with an initial gene set (left), which 
undergoes selection, crossover, and mutation across multiple generations to identify a stable subset with the 
highest activity signal (middle). This optimized subset is then used to compute an activity matrix. The package 
offers (right) demonstrates the gene set activity across cell types or samples, enabling enhanced biological 
interpretation.
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the set. This results in an expression matrix Eg  with dimensions G x M, where G indicates the number of genes 
in the set, and M represents the number of cells.

Formally, given the entire gene expression matrix E with dimensions N×M (where N is the total number of 
genes) and a gene set S comprising G genes:

	 Eg = E [S, :]

Here, Eg  is the subset of E containing only the genes in S.

Module Eigengene calculation
The module Eigengene is calculated using dimensionality reduction techniques. Optionally, gene expression 
data may be standardized to have a mean of zero and unit variance for normalization across genes.

	 EG = StandardScaler
(
ET

G

)

where GT
G​ denotes the transpose of EG​. StandardScaler is a sklearn function.

By default, MEAST uses Truncated SVD for dimensionality reduction. Alternatively, PCA may be used. 
The number of principal components retained is represented by n components, with a default value of 1, 
corresponding to the component explaining the most variance. The first principal component (PC1) is extracted 
as the Module Eigengene ω:

	 ω = V(:,1)

where V is the matrix obtained from SVD.
Alternatively, the absolute values of the eigenvector loadings can account for both positive and negative 

contributions:

	 ω =
∣∣V(:,1)

∣∣

Activity score calculation
The activity score quantifies the gene set’s collective behavior within each cell or cell group by projecting gene 
expression data onto the Module Eigengene. For individual cells, the activity score vector a a is calculated as:

	 a = ET
G · ω

where ET
G  is the transposed gene expression matrix (M×G), ω is the Module Eigengene (G×1), a is the activity 

score vector (M×1).
For predefined cell groups, the Group Activity Score Activityg  for group g is computed as the mean of 

activity scores across all cells in the group:

	
Activityg = 1

|Cg|
∑

c∈Cg

ac

where Cg  is the set of cells in group g, ac is the activity score of cell c.
MEAST evaluates statistical significance through permutation testing, creating a null distribution by 

randomly shuffling cell labels, then recalculates activity scores after each permutation using the same Module 
Eigengene. This process repeats thousands of times for robust null distribution estimation.

MEAST methods—stability assessment
MEAST evaluates gene set stability within specific cell populations using a Genetic Algorithm (GA) that 
identifies key gene subsets with highest activity levels.

Stability analysis filters through different gene subsets S, retains only co-expressed genes with higher 
activity in specified cell populations. MEAST starts with a complete gene expression matrix E (rows=genes, 
columns=cells). From matrix E, a gene set G and target cell group Cg  are defined to measure gene activity 
within the target population. In the stability function, user defines initial population size, determining how 
many primary subsets the GA algorithm generates. The GA fitness score is defined by gene subset activity, 
calculated by projecting expression data onto a Module Eigengene w obtained through Truncated SVD or PCA. 
This follows the same activity scoring method from the MEAST framework.

Mathematically, the activity score ac for each cell c ∈ Cg ​ is calculated as:

	 ac = ST E [:, c] · w

where E [:, c] denotes the expression profile of cell c across the genes in subset S. The overall fitness of the gene 
subset is then determined by averaging these activity scores across all cells in Cg :

	
F itness (S) = Activityg (S) = 1

|Cg|
∑

c∈Cg

ac
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The GA algorithm selects parent subsets using tournament selection, which favors individuals with higher 
fitness while maintaining genetic diversity. Crossover operations (uniform or single-point) then recombine 
genetic material from parents to produce offspring with potentially superior characteristics. Mutation operations 
randomly alter elements of offspring’s binary vectors based on a specified rate to enhance diversity and prevent 
premature convergence. This selection, crossover, and mutation process continues for a predetermined number 
of generations or until convergence criteria are met.

Cohen’s d calculation
Cohen’s d was calculated as a standardized effect size measure to quantify the discriminative power of each 
scoring method. For each gene set and method, Cohen’s d measured the separation between activity scores in the 
target cell population versus all other cells. The metric was computed using pooled standard deviation as follows:

	
d = 1 + x̄target−x̄non−target

spooled

Higher Cohen’s d values indicate stronger separation between target and non-target populations, reflecting better 
discriminative performance. The absolute value was reported to ensure positive values regardless of direction.

Robust coefficient of variation (rCV)
We calculated a robust coefficient of variation (rCV) using median absolute deviation (MAD) normalized by 
the median:

	
rCV = MAD

median

This metric complements Cohen’s d by evaluating within-group homogeneity rather than between-group 
separation.

Results
Gene set activity scoring
Activity scoring with simulated scRNA-Seq data
To evaluate the gene set activity scoring method in MEAST, we analyzed a simulated single-cell RNA sequencing 
(scRNA-seq) dataset generated using SPARSim28. The dataset included two distinct gene sets: Gene Set A, 
designed for dose-dependent expression increases at four dose levels, and Gene Set B, designed to maintain 
consistently high expression levels across all four doses (Table S1) (see Materials and methods section).

We calculated activity scores for the two gene sets across all treatment doses and the control, followed by 
Z-score scaling. For Gene set A, the activity scores increased proportionally with dose levels, ranging from − 1.00 
in the control group to − 0.87, − 0.34, 0.56, and 1.67 for Doses 1 through 4, respectively (Table S2). We used 
Kendall’s Tau to analyze statistically the correlation between dose levels and activity, where a coefficient of 1.00 
(p = 0.017) shows a strong positive correlation between augmenting dose and corresponding gene set activity. 
This agrees with the design of Gene set A, where higher doses were expected to cause proportional increases 
in activity (Fig. 2A, C). On the other hand, Gene set B scores showed stable activity across the four levels, with 
values of − 2.00 for the control group and 0.50, 0.47, 0.56, and 0.46 for Doses 1 through 4, respectively (Table S2). 
Excluding the control group, the Kendall’s Tau score was − 0.33 (p = 0.75), indicating unchanged activity across 
dose levels, aligning with Gene set B’s stable activity design (Fig. 2B, C).

Activity scoring with single cell RNA real data
Dendritic cells (DCs) in human blood have been classified into multiple subtypes, though their exact number 
and interrelationships remain uncertain. Recently, the published study25 utilized scRNA-seq on approximately 
1,200 high-quality single cells from a healthy donor. Their analysis identified six distinct DC subtypes and four 
monocyte subtypes using a total of 242 marker genes, all with an Area Under the Curve (AUC) of at least 0.85. 
The Figure S1 shows the sizes of these gene sets used in the current study. They demonstrated that the gene set 
markers: CD141/CLEC9A, CD1C-A, CD1C-B, CD1C–CD141–, AS DCs, and pDC were specific to the newly 
defined DC clusters: DC1, DC2, DC3, DC4, DC5, and DC6, respectively.

To further elucidate the molecular marker sets that distinguish these dendritic cell (DC) subtypes, we applied 
our activity scoring method to compute marker activity scores at both DC cells clusters (DC1, DC2, DC3, DC4, 
DC5, and DC6) and single-cell levels. We showed that the gene set CD141/CLEC9A exhibited a high activity 
score in DC1 (2.13), significantly higher than in other clusters (− 0.08 to − 0.46; Mann–Whitney U test, adjusted 
p = 2.42 × 10⁻⁹²) (Table S3). The higher activity of CD141/CLEC9A differentiates DC1 cells from other subtypes 
(Fig. 3A) and confirms its specificity for the DC1 subtype. Similarly, the gene set CD1C-A has high activity in 
both DC2 (2.12) and DC3 (1.75), with significantly lower scores in other cell types (adjusted p = 3.19 × 10⁻⁵⁰ 
for DC2; 2 × 10⁻³⁷ for DC3) (Table S3). These suggest that CD1C-A serves as a shared marker for both DC2 
and DC3 subtypes (Fig. 3B), albeit with stronger activity in DC2. In contrast, the CD1C-B gene set showed a 
high activity score in DC3 (0.98), significantly higher than in other clusters (adjusted p = 2 × 10⁻³⁷) (Table S3), 
indicating that CD1C-B is a more unique and distinctive marker for the DC3 subtype (Fig. 3C). The finding 
aligns with the reference study by Villani25, which identified CD1C as the sole marker uniquely shared by DC2 
and DC3. Notably, our scoring method quantitatively shows that CD1C-B is more specific to DC3 than CD1C-A 
and enables precise activity quantification. The gene set CD1C–CD141– exhibited high activity in DC4 (mean = 
2.22) and significantly lower activity in other clusters (adjusted p = 1 × 10⁻⁸²), confirming it as a specific marker 
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for DC4 (Fig. 3D). The AS DCs gene set demonstrated significant activity in DC5 (1.99) but showed minimal 
activity in other clusters (Fig. 3E), supporting its specificity for DC5 (adjusted p = 1 × 10⁻²⁰). Finally, the pDC 
gene set was predominantly active in DC6 (2.11), with negligible activity across DC1 to DC5 (− 0.30 to 0.38; 
adjusted p = 1.6 × 10⁻⁹⁵), further confirming its specificity for DC6 (Fig. 3F). These findings support and extend 
the DC classification proposed by Villani25 and provide an accurate way to score the activity and show the 
specificity of predefined markers.

Activity of biomarkers in LUAD and LUSC RNA-seq data
Lung cancer is a major cause of cancer deaths worldwide, with lung adenocarcinoma (LUAD) and lung squamous 
cell carcinoma (LUSC) as the primary subtypes. Accurate differentiation between LUAD and LUSC is essential 
for prognosis and treatment, yet remains challenging. Chen and Dhahbi30 identified 17 potential discriminative 
genes, five specific to LUAD and twelve to LUSC.

In this study, we employed MEAST to assess the expression activity of these 17 marker genes using RNA-seq 
data from the Cancer Genome Atlas (TCGA). Expression analysis methods, such as those proposed by30, may 
have limited effectiveness in distinguishing LUAD from LUSC, as these cancer types are closely related. We 
computed activity scores for LUAD and LUSC marker sets using an expression matrix of 14,010 genes from 833 
LUAD and 708 LUSC bulk RNA-seq samples. Scores were calculated using the mean expression method and 
then normalized. Finally, we grouped the scores by sample origin into four categories: Normal LUAD, Normal 
LUSC, Tumor LUAD, and Tumor LUSC.

For the LUAD marker gene set, activity scores were significantly higher in Tumor LUAD samples (1.64) than 
in Tumor LUSC (− 0.87), Normal LUAD (− 0.76), and Normal LUSC (− 0.02) (Mann–Whitney U test, adjusted 
p < 1.00 × 10⁻²⁰) (Table S4; Fig. 4A). Similarly, the LUSC marker gene set had markedly higher scores in Tumor 
LUSC (mean = 1.73) compared to Tumor LUAD (− 0.57), Normal LUAD (− 0.58), and Normal LUSC (− 0.58) 
(Mann–Whitney U test, adjusted p < 1.00 × 10⁻²⁰) (Table S4; Fig. 4B). These strong differences confirm MEAST’s 
ability to distinguish LUAD from LUSC using gene sets identified from bulk RNA-seq data (Fig. 4C).

Gene set stability assessment
Stability evaluation in simulated data
We applied the stability method to a simulated scRNA-seq dataset across two previously generated treatment 
conditions: Dose 2 and Dose 4. We used the following parameters: a population size of 50, 500 generations, a 
mutation rate of 0.001, and a crossover rate of 0.5.

In Dose 2, activity scores increased progressively over initial generations, reaching 4883 at generation 295 
(Fig. 5A). The Dose 4 group showed a similar pattern, starting with a baseline activity score of 414 and achieving 
an 11.6-fold increase to 4811 after 171 generations (Fig.  5B). Both optimizations resulted in 6 genes while 
excluding 194 genes from the original pool (Fig. 5C, D).

To assess the robustness of the stability method, we added 6 randomly selected genes to previously optimized 
gene sets from Dose 2 and Dose 4 treatments, creating 12-gene sets with deliberate noise. We performed 5 
independent GA runs using identical parameters. In all runs, the algorithm rapidly eliminated all noise genes 

Fig. 2.  Gene Set Activity Analysis Using MEAST on Simulated single-cell RNA-seq Data. Gene Sets A and B 
activity scores were calculated with MEAST across treatment doses and visualized to assess dose-dependent 
gene expression. (a) The violin plot of Gene Set A activity scores across treatment conditions shows a dose-
dependent increase (Kendall’s Tau = 1.00, p = 0.0167). (b) The violin plot of Gene Set B activity scores shows 
minimal variability across doses (Kendall’s Tau = − 0.33, p = 0.75). (c) Heatmap of Z-score scaled activity 
scores for Gene Sets A and B across control and four increasing dose levels. Gene Set A shows an evident 
dose-dependent upregulation, increasing activity scores as doses rise. Gene Set B remains stable, with minor 
fluctuations across doses.
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within the first 6 generations for Dose 2 (median = 6) and within the first 5 generations for Dose 4 (median = 5) 
(Table S5). Final fitness scores matched those from the original runs for both gene sets (Fig. 6).

Stability and gene set size reduction in real scRNA-seq data
To evaluate the MEAST algorithm’s performance on real scRNA-seq data, we applied the stability to the same 
human blood cell dataset25 previously used in the current study. For this purpose, we initially focused on 
optimizing the pDC gene set within the DC6 subtype and then processing all gene sets across DC subtypes and 
monocyte populations.

We evaluated the stability of the gene set pDC within the cell type DC6, where we had previously identified 
pDC as a specific marker for DC6. For that, we used the following parameters: a population size of 100, 1,000 
generations, a mutation rate of 0.001, a crossover rate of 0.5, and a minimum gene set size of 50 genes. The best 
activity score of 320 was achieved after 507 generations (Fig. 7A), resulting in an optimized gene set of 99 genes 
while excluding 291 genes from the original pDC gene set (Fig. 7B). We then introduced 25 randomly selected 
genes into the optimized set to assess robustness, creating a noised gene set of 124 genes. The GA excluded this 
noise by the 6th generation, restoring the fitness score to 320 (Fig. S2). Analysis of the activity curve in Fig. 7A 
shows stabilization around the 450th generation, indicating 500 generations are sufficient for stable gene set 

Fig. 3.  Activity scores of marker gene sets in dendritic cell (DC) subtypes. Dot plots illustrate the activity 
scores of marker gene sets across six DC subtypes (DC1–DC6). (a) The AS DCs gene set is notably enriched in 
DC5. (b) The CD1C A gene set is highly active in both DC2 and DC3, serving as a common marker for these 
subtypes. (c) The CD1C_B gene set shows specificity for DC3. (d) The CD1C–CD141– gene set is distinctly 
enriched in DC4. (e) The CD141/CLEC9A gene set is predominantly enriched in DC1. (f) The pDC gene set 
displays exclusive enrichment in DC6. These results highlight the unique molecular signatures of DC subtypes 
and support a more refined classification based on gene activity profiles.
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Fig. 5.  Stability assessment of gene Set B under Dose 2 and Dose 4 treatments. (a, b) Optimization of gene set 
stability to maximize activity while focusing on key genes. Activity score progression over 500 generations for 
Dose 2 (a) and Dose 4 (b). (c, d) Relationship between gene count and fitness (activity) score for Dose 2 (c) 
and Dose 4 (d), showing an inverse correlation, indicating effective exclusion of non-contributory genes. The 
genetic algorithm (GA) optimized gene subsets from an initial set of 200 genes, increasing activity scores to 
4883 for Dose 2 (c) and 4811 for Dose 4 (d), retaining 6 core active genes for both.

 

Fig. 4.  Activity scores of LUAD and LUSC marker gene sets. Plots display MEAST-derived activity scores for 
LUAD (a) and LUSC (b) marker gene sets across four sample categories: Tumor LUAD, Normal LUAD, Tumor 
LUSC, and Normal LUSC. LUAD markers show higher activity in Tumor LUAD, while LUSC markers show 
increased activity in Tumor LUSC, confirming subtype-specific expression patterns. Each dot represents a 
sample. (c) The heatmap displays activity scores for LUAD and LUSC marker gene sets calculated by MEAST 
across various sample origins: Normal LUAD, Normal LUSC, Tumor LUAD, and Tumor LUSC. LUAD markers 
show the highest activity in Tumor LUAD, while LUSC markers display increased activity in Tumor LUSC, 
highlighting the distinct differentiation of subtypes. The color gradient illustrates normalized activity, with blue 
representing lower scores and red indicating higher scores.
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composition. Intersection analysis confirmed no introduced noise genes were retained in the final optimized 
gene set, while all original 99 genes were preserved.

Next, we intended to utilize the stability function to reduce the size of gene sets. We included all DC gene sets: 
CD141/CLEC9A, CD1C-A, CD1C-B, CD1C–CD141–, AS DCs, and pDC — and Mono-1 to -4. We configured 
the genetic algorithm with 500 generations, a population size of 100, a mutation rate of 0.001, a crossover rate 
of 0.5, and a minimum gene count of 10. The gene set AS DCs was reduced from 85 to 24 genes, the CD141 
CLEC9A from 112 to 26 genes, the CD1C-A from 31 to 10 genes, the CD1C-B from 59 to 14 genes, the CD1C-

Fig. 7.  Stability and Gene Set Size Reduction in Real scRNA-seq Data. (a) A scatter plot shows the 
optimization of activity scores over 1000 generations, with an increase from 240 to a peak of 320 at generation 
507. (b) The scatter plot illustrates the inverse relationship between gene count and fitness score, indicating that 
larger gene sets correspond to lower fitness in pDC. (c) A bar chart depicts the reduction in gene set size across 
the dendritic cell (DC) and monocyte marker sets using the stability function in MEAST. On average, gene sets 
were reduced by 73% for DC markers and 65% for monocyte markers.

 

Fig. 6.  Gene set refinement using the stability function. Results from the MEAST algorithm optimization for 
Dose 2 (a) and Dose 4 (b). The stability function eliminates noisy genes in early generations while keeping 
activity scores identical to their initial values. Activity scores were evaluated over 500 generations (X-axis) and 
plotted against activity score values (Y-axis).
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CD141—from 342 to 127 genes, and the pDC from 390 to 101 genes (Fig. 7C). The size of monocyte-specific 
gene sets was decreased as follows: Mono1 from 104 to 29, Mono2 from 22 to 17, Mono3 from 186 to 71, and 
Mono4 from 149 to 38. The MEAST stability function effectively reduced the initial gene sets to smaller, more 
active subsets, yielding higher activity scores.

Computational performance of MEAST in gene set activity and stability analyses
We assessed the MEAST package’s computational efficiency on a 40-core high-performance computing cluster. 
Table 1 shows gene set activity analysis using the MEAST gscore function on the Villani26 dataset has high 
efficiency (execution time: 4.2 ± 0.64s, CV = 15.2%) with moderate CPU use (87.27 ± 11%) and reasonable 
memory consumption (429 ± 18 MB). Table 2 shows stability analysis using the MEAST stability function 
(population size = 100, generations = 1,000, mutation rate = 0.001, crossover rate = 0.5, minimum gene set size 
= 50) requires more resources, with longer execution time (645 ± 8s) and higher CPU utilization, while memory 
requirements remained similar (438 ± 17 MB). Memory utilization showed better consistency (CV = 4.2–7.2%) 
than execution time in both analyses.

  

Benchmarking MEAST activity scoring and evaluation of stability function
MEAST comprises two integrated components: an activity scoring method based on truncated SVD, and a 
genetic algorithm GA-based stability assessment module that identifies core active genes. While the stability 
module represents the primary methodological innovation of MEAST, the activity scoring component can be 
directly compared with established methods. We therefore performed benchmarking on both the full gene sets 
and the GA-stable subsets.

We compared MEAST activity scoring against three widely used methods: GSVA, ssGSEA, and AUCell. To 
quantify discriminative power, we used Cohen’s d as a separation metric, measuring the standardized difference 
between target and non-target score distributions. Cohen’s d provides a scale-independent effect size and allows 
direct comparison across datasets and gene sets.

Using the human blood dendritic cell dataset from Villani25, we computed activity scores for DC subtype 
marker gene sets and calculated Cohen’s d between each target DC subtype and all other cells. Averaged across 
all marker gene sets, the mean absolute Cohen’s d values were 3.548 for MEAST, 3.196 for AUCell, 2.784 for 
GSVA, and 2.719 for ssGSEA (Fig. 8A). In the subtype-level summary, MEAST gave the highest mean absolute 
Cohen’s d for each of the four retained DC contrasts: DC1 (7.52 for MEAST vs. 6.08 for AUCell, 5.58 for ssGSEA, 
and 5.33 for GSVA), DC2 (2.28 vs. 2.18, 1.82, and 1.93), DC3 (3.58 vs. 3.06, 2.52, and 2.53), and DC4 (2.64 vs. 
2.62, 2.13, and 2.31) (Fig. S4, supplementary data). These results indicate that MEAST activity scoring effectively 
distinguishes target cell populations from non-target cells.

To assess performance on an independent dataset, we analyzed a Drosophila ovary scRNA-seq dataset 
(E-GEOD-141701)27 using three curated KEGG pathways (TGF beta signaling pathway, Wnt signaling pathway, 
and Insect hormone biosynthesis), with follicle cells as the target group. Mean Cohen’s d across pathways (follicle 
cell vs. all other cells) showed: AUCell = 0.656, MEAST = 0.370, GSVA = 0.350, and ssGSEA = 0.252 (Fig. 8B). 
In the other cell types MEAST was highest for anterior escort cells (mean absolute Cohen’s d = 0.723) and GSVA 
was highest for posterior escort cells (0.554) (Fig. S4, supplementary data).

To evaluate whether the GA stability module improves downstream analysis, we tested whether GA-selected 
gene subsets enhance both score consistency and discriminative power across all four scoring methods. Using 
the same Drosophila ovary dataset with the three KEGG pathways and follicle cells as the target, the GA reduced 
gene set sizes while improving within-target score stability (Fig. 8C): Insect hormone biosynthesis decreased 

Metric Unit Range (min–max) Mean ± SD

Execution time Second 635–653 645 ± 8

CPU usage Percent 2875–2910 2883 ± 15

Peak memory Megabyte 423–458 438 ± 17

Avg memory Megabyte 411–454 428 ± 19

Table 2.  Gene set stability analysis performance metrics. ll measurements obtained over 5 runs using 40 CPU 
cores. Parameters: Population size = 100, Generations = 1,000, Mutation rate = 0.001, Crossover rate = 0.5, Min 
gene set size = 50.

 

Metric Unit Range (min–max) Mean ± SD

Execution time Second 4–6 4 ± 0.6

CPU usage Percent 56–92 87 ± 11

Peak memory Megabyte 403–462 429 ± 18

Avg memory Megabyte 279–364 330 ± 24

Table 1.  Gene set activity analysis performance metrics. All measurements obtained over 10 runs using 40 
CPU cores. MEAST gscore function applied to human blood cell dataset from Villani et al.25.
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from 14 to 5 genes (− 64.3%), Wnt signaling pathway from 68 to 37 genes (− 45.6%), and TGF beta signaling 
pathway from 32 to 13 genes (− 59.4%). This reduction improved score consistency within follicle cells, with rCV 
changes of − 2.9%, − 13.8%, and − 18.2% for the three pathways, respectively (Fig. 8C).

Furthermore, GA-selected stable subsets improved discriminative power for all tested methods. Mean 
Cohen’s d across the three pathways (follicle cell vs. others) increased after GA selection: MEAST from 0.370 
to 0.546 (+ 47.7%), GSVA from 0.350 to 0.755 (+ 115.8%), ssGSEA from 0.252 to 0.530 (+ 110.4%), and AUCell 

Fig. 8.  Benchmarking MEAST activity scoring and evaluation of GA-based stability. (a) Discriminative power 
of activity scoring methods on the human blood dendritic cell dataset (Villani et al.), measured as mean 
Cohen’s d between target and non-target cell populations across marker gene sets. MEAST shows the strongest 
separation compared with GSVA, ssGSEA, and AUCell. (b) Mean Cohen’s d for three KEGG pathways in 
the Drosophila ovary scRNA-seq dataset (follicle cells vs. all other cells), comparing the four activity scoring 
methods. (c) Effect of the GA stability module on gene sets in the Drosophila dataset. Left: within-target score 
dispersion (robust coefficient of variation, rCV) for full gene sets versus GA-stable subsets. Reduced geen sets 
becomes more stable. Right: corresponding reduction in gene set size for each pathway. (d) Improvement in 
discriminative power after GA selection. Mean Cohen’s d across the three pathways is shown for each method 
using the original gene sets and the GA-stable subsets, with percentage change indicated.
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from 0.656 to 0.687 (+ 4.8%) (Fig. 8D). These results demonstrate that the GA stability module provides practical 
value by identifying gene subsets that enhance both stability within target populations and separation from non-
target populations, regardless of the scoring method.

Discussion
This study introduces MEAST, a computational framework combining SVD-based activity scoring with GA-
driven stability assessment to refine gene sets in scRNA-seq data. MEAST addresses challenges in gene set 
analysis by accurately scoring activity and identifying stable gene subsets. The SVD-based approach efficiently 
handles high dimensionality and sparsity in scRNA-seq data31,32 resulting from biological variability, stochastic 
gene expression, technical biases, and library preparation33,34. Results from simulated datasets show MEAST 
effectively captures both dynamic changes and stability in gene set activity across varying dose levels (Fig. 2A, 
C), highlighting the utility of eigengene weights to summarize coordinated expression patterns35.

Our method shows high efficiency for cell type activity scoring. In the human blood scRNA-seq dataset 
from25, we calculated activity levels of each gene set marker. These activity scores match original results and 
offer greater flexibility for analysis and visualization. MEAST distinguished closely related cell types like DC2 
and DC3 (Fig. S3, Table S3) and effectively differentiated LUAD from LUSC RNA-seq data using discriminative 
gene sets proposed by30.

The integration of GAs for stability assessment sets MEAST apart from methods using only statistical tests 
or manual thresholds. GAs handle large search spaces suitable for transcriptomics analysis by selecting genes 
with best coexpression patterns. Our results show GA-based assessment consistently converges on stable gene 
subsets.

A major focus in functional genomics is achieving a balance between including enough genes to capture a 
biological process and excluding weakly expressed or extraneous genes that introduce noise10,22. MEAST tackles 
this challenge by using a genetic algorithm to refine initial gene sets.

The stability curve stabilizes when balance is achieved between gene number and optimal activity score. This 
balance depends on GA parameters, which vary with gene set complexity and size. For instance, highly complex 
gene set may require more GA generations. The simulated data represents a less complex dataset, where stability 
converge rapidly into few active genes (Fig. 5A, B). However, in the more complex dataset25, achieving a stable 
state required more than 450 generations and a mutation rate of 0.001. In both cases, the method successfully 
reduced the gene sets to the most active genes. The stability method showed it can distinguish active subsets 
from noise genes and removed all added inactive genes. Applying the stability method resulted in 73% reduction 
for DC markers and 65% reduction for monocyte markers (Fig. 7C).

The GA relies on empirical hyperparameters (population size, mutation rate, number of generations) that 
may vary depending on gene set size and complexity. To assess robustness, we conducted multiple independent 
runs after reintroducing noise genes into previously optimized sets. In the SPARSim simulation, adding random 
noise genes to optimized sets and repeating the GA five times demonstrated consistent noise removal within a 
median of 5–6 generations across runs, with final fitness scores matching the original optimization. Similarly, 
in the blood scRNA-seq dataset, adding 25 random genes to the optimized pDC subset showed rapid noise 
exclusion by generation 6, restoring the original fitness score. Due to the stochastic nature of genetic algorithms 
and the inherent biological variability in gene expression data, the exact composition of optimized gene subsets 
may vary slightly between independent runs, particularly when multiple genes exhibit similar activity levels. 
However, our robustness tests demonstrate that the GA consistently converges to subsets with equivalent fitness 
scores and successfully excludes noise genes across repeated runs.

Analysis of convergence curves provides practical guidance for parameter selection: in the blood dataset 
example, the fitness curve stabilized around generation around 450, indicating that near 500 generations are 
sufficient for this configuration. We recommend monitoring convergence curves to ensure adequate generations 
for stable optimization, particularly for larger or more complex gene sets.

A limitation of our SPARSim simulation is that it primarily models differential expression with added noise 
but does not explicitly enforce strong coexpression structure among genes within the gene set. While dose-
dependent differential expression can introduce some correlation, genes within a single condition remain largely 
independent. This differs from real biological gene sets, where coordinated expression patterns are common. 
Future work can incorporate simulations with explicit coexpression structure.

Our comparative analysis demonstrates that MEAST activity scoring performs competitively with established 
methods while offering a built-in scoring approach optimized for integration with the GA stability module. 
This integrated design ensures consistency between activity assessment and gene selection, avoiding potential 
discrepancies that might arise from combining incompatible methods. The GA-based gene refinement improves 
performance across all scoring methods tested. By removing weakly active genes, the GA module enhances 
signal-to-noise ratio regardless of downstream scoring approach. Our results show that the refined gene sets 
helps activity scoring methods to better separation of cells subtypes for example the method GSVA. These 
results indicate that the GA stability assessment is a gene-set refinement step that can be combined with different 
downstream scoring methods. MEAST is likely to be advantageous when the gene set contains a coherent co-
expression structure that is well represented by a dominant eigengene and when activity scoring is used together 
with stability selection in a single framework. By contrast, GSVA or AUCell may be preferable when rank-based 
or pathway-level enrichment provides better separation in a given dataset.

Computationally, MEAST executes scoring functions within seconds and scales efficiently in high-
performance environments (Tables 1 and 2), using little memory while enabling analysis of thousands of cells.

MEAST applications extend beyond this study, including identifying core gene sets for biological processes 
or diseases and analyzing other high-throughput data. The modular design allows integration with network 
inference algorithms or machine learning models. Future developments could incorporate prior biological 

Scientific Reports |        (2026) 16:18536 12| https://doi.org/10.1038/s41598-026-48119-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


knowledge to improve interpretability. MEAST represents a significant advance in gene set analysis for scRNA-
seq data.

Data availability
This study is based exclusively on the computational analysis of publicly available data. No primary data were 
collected from human participants, and no new experiments were performed on human or animal subjects. The 
single-cell datasets analyzed in this study were obtained from the Broad Institute Single Cell Portal (​h​t​t​p​s​:​​​/​​/​s​i​n​g​l​
e​c​e​l​​l​.​b​r​o​a​​d​i​n​s​t​i​​t​u​t​​e​.​​o​​r​g​/​s​i​​n​g​​l​e​_​​c​​e​l​l​/​s​t​​u​d​y​/​S​C​P​4​3). LUAD and LUSC datasets were downloaded from The Cancer 
Genome Atlas Program (TCGA). Sample identifiers for all TCGA datasets used in this analysis are available in 
the data directory of our GitHub repository.

Code availability
The MEAST package and analysis code are available at https://gitfront.io/r/fabou/fvXUA4KYpdVR/MEAST/.
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